The feasibility of using multiway or N-way partial least square (NPLS) methods to estimate physical properties of 1-butene and 1-hexene polyethylene (PE) copolymers directly from multidimensional data obtained from size exclusion chromatography coupled to a Fourier transform infrared detector (SEC FT-IR) was explored. Digital sample sets of horizontal slices (slabs) of two-dimensional data simulating the molecular weight distribution and the corresponding orthogonal FT-IR spectra were correlated to a particular Y-block response using NPLS. The NPLS results were compared to those obtained through separate estimations using various algorithms and exploratory response surface methods. The estimated strain hardening modulus (<G p >) for bimodal PE-like digital structures could adequately be modeled using both the linear response surface method (RSM) and NPLS. Although different input values were used, the predicted values for <G p > by NPLS was found to mirror both the analytical results and the expected structural effects obtained using linear RSM models.
Introduction
Over the past decade, the ability to characterize polymer composition has dramatically improved with advances in analytical methods. [1] [2] [3] [4] Specifically, the development of chromatographic systems with multivariable detectors can provide a variety of structural information dependent upon the type of detector used and can help to discern the underlying polymer microstructure. Furthermore, chromatographic systems that couple two different types of separation methods such as liquid (high-performance liquid chromatography [HPLC] ) and size exclusion chromatography (SEC) or couple temperature with SEC analytical temperature rising elution fractionation (ATR EF-SEC), have afforded even greater insight into the composition of various polymers by providing multidimensional data. [5] [6] [7] In the case of polyethylene (PE) resins, detailed microstructural information obtained from size exclusion chromatography coupled to Fourier transform infrared (FT-IR) has enabled the development of algorithms that estimate density and dependent mechanical properties directly from the acquired molecular weight and short chain branching (SCB) data. 8, 9 These data have also been used to better understand slow crack growth (SCG) resistance in PE. Slow crack growth is the major failure mechanism in fabricated products used in long-term service applications such as geomembrane and pipe products. Typically, an induced stress, say for example an impinged rock against a buried pipe, causes a localized, irreversible stretching of molecular structure (plastic yielding) about the stress nucleated cavities in the amorphous segments of the fabricated article. This viscoelastic creep is followed by crack initiation caused by molecular disentanglement. Lastly, the crack propagates through the pipe in a brittle manner, but it may transition to a ''ductile'' mode as the crack grows.
The molecular weight (MW), SCB data, and their respective distributions acquired by SEC FT-IR have been used to generate a single primary structure parameter (PSP2) using several, separate semi-empirical algorithms that estimate density, lamella thickness, tie molecule content on a MW slice-by-slice basis. 9 By using the concept of molar additivity, a particular bulk property was obtained by simply summing the weight fraction contributions of individual estimates across the molecular weight distribution (MWD). Primary structure parameter values essentially capture the level of connectivity between lamella and as such have been linearly correlated to various small-scale resin tests typically used to assess SCG resistance. These tests included environmental stress crack resistance (ESCR), Pennsylvania notch test (PENT), percent natural draw ratio (%NDR), and single point notched tensile (SP-NCTL) test as well as pipe hoop stress data. 10 Correlations between several of these SCG tests and the strain hardening modulus (SHM) measured at 80 C (ISO 18488:2015E) have also been reported for various PE resins. [11] [12] [13] [14] [15] However, when PSP2 values for resins with different architectures were compared to their SHM values as measured using the ISO standard, the data clustered into separate linear correlations between resin families, as shown in Fig. 1 . It is becoming apparent that SHM test results are dependent upon comonomer type (i.e., 1-butene, 1-hexene, or no comonomer) as suggested in Fig. 1 and further demonstrated in recent work where separate SHM versus PENT curves result for 1-hexene and 1-butene PE copolymers. 15 Since PSP2 only accounts for the level of connectivity, further work to better understand the strength of the tie molecules is underway. One aspect of better understanding the structural effects on the SHM lies in better quantifying data provided by SEC FT-IR and other separation methods. Currently the structural information acquired by SEC FT-IR as described above is only two-dimensional in nature as it is based on the MW and average SCB content at a single MW slice. Even more information can be gained by examining data orthogonal to the MWD. For example, every SCB value at a set MW value has associated with it the FT-IR spectrum (3000 to 2700 cm À1 ) from which the total methyl content value and then the SCB content are derived by a partial least squares (PLS) calibration curve. 8 Structural information obtained from such spectra includes not only the total methyl content (both the end group and SCB), but also the SCB branch type (e.g., ethyl versus butyl). 8 This, in turn, is valuable data since it is well recognized that SCB length has profound effects on resistance to SCG.
The problem that often arises after obtaining multidimensional data is not due to the lack of data, but from the lack of adequate methods to provide meaningful information about the bulk polymer from which the ''sliced-and-diced'' data were obtained. To better understand how multidimensional data relate back to the bulk polymer and to its properties, it is necessary to utilize multivariable analysis.
In this paper, we explore the feasibility of using two types of multivariate analysis methods, a response surface method (RSM) and a multiway or N-way partial least square (NPLS) method 16 to estimate physical properties of PE resins directly from multidimensional SEC FT-IR data. The basic premise underlying response surface modeling is that variation within a set of input factors from a collection of samples can be correlated to variation in a particular response. For NPLS, sample sets of horizontal slices (slabs) of two-dimensional (2D) data (MW and the corresponding spectra in this study) are correlated to a particular Y-block response using NPLS. Both methods are used and compared to those results obtained from separate estimations by various algorithms. Although we can use chromatographic methods directly, using the calibrated MW data is more straightforward when interpreting the results and the corresponding structure property relationships. Figure 2 summarizes the various schemes that will be addressed in this study.
Experimental

Material Properties and Characterization
For samples given in Fig. 1 and listed in Table I , all strain hardening modulus (<G p >) values were obtained using ISO18488. In Table I , samples label BM-C6-1 to BM-C6-7 were made by extruder blending two Ziegler-Natta (ZN) catalyzed resins, one a low M w ($ 40 kg/mol) homopolymer Figure 1 . Values of PSP2 plotted against measured SHM values for various resin types. Chromium mono-modal 1-hexene copolymer (red circles), 14 ZN bimodal 1-hexene copolymers (red squares), 14 ZN bimodal 1-butene copolymers (black X), 14, 16 and metallocene mono-modal homopolymers (blue circles).
14 The red and black triangles represent calculated PSP2 data using Gaussian MWDs and reported SHM for ZN mono-modal 1-hexene and 1-butene resins, respectively. 15 These last two samples were not included in the calculation of the illustrated tie lines for each sample cluster. and the other a high M w ($ 470 kg/mol) copolymer. All other samples listed are reactor products.
Both experimentally determined MW and SCB distributions were used to calculate PSP2 values as previously described. 9 Molecular weights and MWDs were obtained using a PL-GPC 220 (Agilent) system equipped with an IR4 detector (Polymer Char, Spain) and three Styragel high MW-6E GPC columns at 145 C. The conditions used in this analysis are described elsewhere. 17 In Table  I , M w is the weight-average MW and PDI is the Polydispersity Index (M w / M n ) where M n is the number average MW. Short chain branch content and SCB distribution (SCBD) across the MWD were determined by an IR5-detected GPC system (IR5-GPC), wherein the GPC system was a PL220 GPC/SEC system (Agilent) equipped with three Styragel high MW-6E columns for polymer separation. A thermoelectric-cooled IR5 MCT detector (IR5) (Polymer Char, Spain) was connected to the GPC columns by a hot-transfer line. Chromatographic data were obtained from two output ports of the IR5 detector. The conditions used in this analysis are described elsewhere. 18 Size exclusion chromatography FT-IR was also used to determine SCB and SCBD for selected samples. 8 
Digital Analysis
All bimodal MWDs were constructed using Excel software by digitally combining two Gaussian curves with a PDI of 4, each with a specified M w and weight fraction content. Total SCB content was also assigned to each Gaussian curve and given a negative 0.5 slope across the MWD.
Orthogonal spectral data were constructed from experimentally obtained spectra (3000-2700 cm À1 ) collected at the eluent peak maximum using SEC FT-IR. Sample spectra (see Supplemental Material) were acquired for hexadecane (reference spectrum A; 125 methyls /1000 TC), 1-hexene (reference spectrum B1; 11.3 SCB/1000 TC) copolymer, 1-butene copolymer (reference spectrum B2; 12.9 SCB/ 1000 TC), and a narrow (PDI ¼ 1.6) high MW homopolymer fraction (reference spectrum C: M w ¼ 2000 kg/mol). All experimental reference spectra were normalized to unity. Digital spectra were constructed based on the assigned level of total methyl content (i.e., end group and SCB methyl content) at a particular MW slice. The absorbance values at wavenumbers between 3000 and 2700 cm À1 were calculated according to Eq. 1. In Fig. 3 , the degree of fit using this method is compared to an experimental spectrum at a selected Log M (MW) value acquired using SEC FT-IR. The two spectra (experimental and simulated) are superimposable.
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where a ¼ [28.145e
) from the end of the group methyl reference spectrum A, x B ¼ Abs at x(cm À1 ) from the SCB methyl reference spectrum B, and x C ¼ Abs at x(cm À1 ) from the backbone methylene reference spectrum C.
Data sets analyzed using NPLS methods were prepared by taking the full digital MWDs that were digitally generated for the bimodal samples and then generating the corresponding FT-IR spectra at each MW slice and total methyl for each sample. These digitally generated data simulated experimental data obtained by SEC FT-IR, and both the 1-hexene and 1-butene copolymer sets were simulated.
Strain hardening modulus values for the digital bimodal samples were estimated from calculating PSP2 values for each digital structure and then estimating a probable strain hardening value using the linear correlations given in Fig 
Chemometric Software and Methods
In this study, we used commercially available software. For the response surface methods, four input factors were employed with the ranges as cited in Table 2 . The ranges chosen for each of the four factors produce a range of structures and properties ( Fig. 5 ) that encompass those typical seen in experimental bimodal resins made from physical blends of two ZN resins (samples BM-C6-1 to 7 in Table 1 ). The MW value used in this analysis was the weight-average molecular weight (M w ). As shown in Table  S1 in the online Supplemental Material, an IV Optimal Modeled design was generated and subsequently augmented using Design-Expert Software (Stat-Ease) so that a fraction of design space > 0.8 was achieved. The original design contained 44 individual runs and ten replicates. Primary structure parameter values for each sample were calculated from the digitally generated MWD and SCBD data as described elsewhere. 9 Strain hardening modulus values for digital samples were calculated directly from the resulting PSP2 values for both 1-hexene and 1-butene samples using linear correlations previously described. 14 From the above IV Optimal design, runs with SHM values < 4 were dropped (four samples) since these values are experimentally unrealistic (see Table S1 ). Strain hardening modulus values were assigned error and regressed against the input variables. The resulting ANOVA table for the quadratic RSM models can also be found in the Supplemental Material (Table S2 ). In addition to the 50 calibration samples given in Table S1 , an additional set of 15 samples were generated and used for calculating the standard error of prediction (SEP) for the multiway models. The input valuables and resulting SHM response values for the SEP data set is given in Table S3 and the resulting range of MWD profiles are illustrated in Fig. S1 . The NPLS models were developed using both Matlab (The MathWorks Inc.) equipped with the PLS Toolbox (Eigenvector Research) and SOLO (Eigenvector Research). Data pre-processing included mean centering, vector normalization, the second derivative, and a data range limited set.
For NPLS regression, the PLS Toolbox was used. The data were assembled into a data cube with one axis corresponding to the runs, the second axis corresponding to log M (MW), and the third corresponding to wavenumber. The MWD block and the spectral block were combined in this process, with the MWD block being a single slice across the wavenumber axis. This procedure was separately performed for the training and validation sets. The training set was used first to develop the regression model for the SHM, or in some cases, for the square root of the SHM. This model was then applied in a separate step to the validation set. Fitted model values were obtained for the training set and predicted values for the validation set. Cross-validated values for the training set were generated using the leave one out method.
Model parameters used to characterize the NPLS regression models included the root mean square error of calibration (RMSEC), root mean square error of prediction (RMSEP), and root mean square error of cross-validation (RMSECV). Additional statistical information (e.g., standardized residuals) were also computed from the output of the PLS toolbox. SOLO was used to generate a plot of Q Residuals versus Hotelling T2 values with P ¼ 0.05 from the NPLS regression as described above.
Results and Discussion
Experimental Polyethylene Resins
Polyethylene resins can vary substantially in both architecture and topological composition. To better access the predictive properties of multivariate approaches and aid in the explanatory validation of these methods, bimodal, PE copolymers type structures made from ZN type catalysts were chosen as test samples. Bimodal resins are polymer blends composed of a low MW homopolymer and a high MW copolymer. They are typically made by physically mixing the two components in an extruder or by introducing a single catalyst to different reactor conditions in linked reactors. In some catalyst systems, such as metallocenebased catalysts, bimodal resins can be made in a single reactor. 19 One benefit of bimodal resins is that SCB is concentrated at the high end of the MWD and is commonly referred to as a reversed SCB distribution. 19 This structural attribute leads to greater connectivity between lamella through bridging of tie molecules (captured by PSP2 values) and entanglements, which in turn leads to better mechanical properties. For example, when two resins have the same M w and density as shown in Fig. 4 , the bimodal resin with a reversed SCBD (resin B) will exhibit better durability than mono-modal resin with the conventional SCBD (resin A).
In Table I , the measured physical properties, calculated PSP2 values, and the measured SCG resistance results for several PE resins are given. These data illustrate the expected physical properties that result in structural changes. For example, as the weight fraction of the high MW component in the bimodal samples increases, M w increases and the density decreases. As a result, the tie molecule levels increase resulting in higher SHM values. Conversely, when the SCB is predominantly at the low end of the MWD (sample M1), lower SHM values result than with comparable bimodal resins. Also demonstrated is the effect of ethyl versus butyl SCB seen in previous studies where 1-butene copolymers have lower SCG resistance than 1-hexene copolymers with similar molecular weights and densities. 19 The relationship of structure to SHM for a particular branch type can be estimated through the correlation of PSP2 and the SHM values as shown in Fig. 1 and the equations given in the ''Experimental'' section.
Digital Polyethylene Resins
Typically, the MWD and SCBD profiles of PE can be fitted using Schultz-Flory distributions (SFDs) which correspond to the diversity of catalysts sites from which the polymer was made. A single component of ZN bimodal PE can have up to five SFDs 20 and the blend an additional five plus sites that are needed to adequately represent the MWD profile. Furthermore, each site will have its own SCB level based on the kinetics for incorporation of the co-monomer at that particular site. However, since our aim in this study is to systematically vary a bimodal structure in a realistic way and then assess how multivariate data analysis methods predict SHM values based on these variations, a much simpler representation of the MW and SCB distributions can be used.
In this study, Gaussian distributions were used to represent component MWDs in a blend. In addition, the SCBD in the copolymer component can be assigned a simple linear fit with a fixed slope. From Fig. 5a , one can see that this approach gives reasonable fits and can be used to generate both MWD and SCBD digital data that can be tied to experimental polymer blends. Moreover, by fixing the component PDI values to 4 (typical for ZN catalyzed resins) and the M w of the low MW component to 40 kg/mol, we were able to use only four parameters to describe these complex MW and SCB distributions (Fig. 5b) . These parameters include: SCB levels in the low MW and high MW components; and M w of the high MW component and its weight fraction in the blend. Other digital data generated for this study were the individual spectra obtained by SEC FT-IR at MW slices. Here we used a blend of experimental spectra to achieve a desired total methyl value (see ''Experimental''). Figure 5c illustrates the range of total methyl content at the MWD extremes examined in this study.
Response Surface Method Models
Analysis of the resulting 50 sample DoE given in Table S1 shows that a good fit can be obtained for SHM when regressed against four input variables. The fits given in Table  3 show that with introducing a 3% replicate error to the calculated SHM values, excellent predictability and agreement between the adjusted and predicted R-squared terms are obtained for the quadratic model (RSM Model A). These results demonstrate that individual response values calculated from complex algorithms for a resin with a particular MWD and SCBD can be predicted if enough samples with varied architectures and response values are used. Similar results have been found when predicting PE properties from catalyst and reactor inputs using SFDs. 21 Another benefit in using the RSM approach is the ease at which explanatory validation can be conducted, that is, do these results make sense. Such validations can be done by constructing contour plots and noting the effects of change of the input variable on the selected response or by simply assessing the directional effects of variable coefficients of the chosen factors. For example, from Table I , one can see if M w of the high MW component increases, so does the SHM value. Conversely, given the same density and MWD, if the SCB is pronominally located in the low end of the MWD, the SHM will be lower than if the opposite were true. All these and other known structural effects on the SHM values can be predicted by RSM Model A as shown by the following contour plot in Fig. 6 .
In RSM Model A, nonlinear correlations were generated between microstructure as defined above and SHM values. This is of concern as multiway methods under study require linear correlations. To better access the performance of the multiway software for prediction using RSM models, efforts were made to linearize the corrections between microstructure and SHM values. To do this, we used the square root of the SHM values and introduced more error into the SHM values of the replicates. By doing the latter, we could successfully show that a reasonable linear correlation can be achieved between the microstructure factors and SHM values and this can also be used to negotiate the design space as reported in Table 3 (RSM Model B). As in RSM Model A, RSM Model B is also able to directionally predict the structural effects on the SHM values as shown by the coded and actual equations below: 
N-way Partial Least Squares Model for Copolymers Samples
The results from RSM Model B demonstrate that reasonable linear correlations between SHM values and descriptors for a sample's MWD and SCBD can be achieved. However, these methods do not address noted SCG resistance differences between PE copolymers with different types of SCB. 19 In those studies it was observed that SCG resistance increases with increasing length of the SCB, i.e., hexyl > butyl > ethyl. As mentioned above, branch type can be distinguished using FT-IR. This observation was one driver for exploring the feasibility of using multiway methods to correlate SEC FT-IR data to SHM values. Figure 7a illustrates digital bimodal MWD and SCBD data for Run 1 of the DoE (see Table S1 ) and the typical 2D SEC-FT-IR data generated (Fig. 7b) using these structural inputs. Also given in this figure is the generalized NPLS model used in this study.
The first step in our feasibility analysis was to evaluate the digital data sets that contain orthogonal 1-hexene spectra and determine their dimensionality. Using the digital bimodal samples and their orthogonal spectra, NPLS analysis indicated that five factors were necessary to adequately correlate the square root of SHM values to the microstructural inputs. This assessment was based on the percent variance captured in the training set as well as the number of factors needed to minimize the value for the RMSECV. Furthermore, analysis of validation data (15 additional samples apart from the training set) also demonstrated that five factors was the minimum number for adequately predicting SHM values using the RMSEP. Plots of both error values versus the number of model factors as given in Fig. 8 clearly shows that five factors (minimum in plot) are needed to properly optimize the NPLS model.
In Fig. 9a , a plot is shown illustrating the predicted square root SHM values versus the spread sheet calculated values of individual samples for both a 39-sample calibration set and the 15-sample validation set for 1-hexene copolymers. It is clear from the plot that NPLS can reasonably predict the SHM value directly from the simulated 2D SEC FT-IR data. In fact, both the calibration and predicted R 2 values shown are in very good agreement with those found from the linear RSM model given in Table 3 . The accompanying ANOVA for the linear RSM model (Table 4 ) also demonstrates that all four structural variables are significant. Furthermore, no serious outliers were detected for the test set as illustrated by plotting Q Residuals versus Hotelling T2 values 22 as shown in Fig. 9b . When the fitted results for the calibration samples are compared directly with those predicted from the RSM Model B, the similarity is striking (Fig. 9) .
In Table 5 , a direct comparison is given for the predicted SHM value for three types of PE copolymer using RSM Model B, the NPLS model, and the spread sheet calculations. In this exercise, we converted the square root SHM values back to their conventional form for comparison. As previously noted, when the SCB is primarily located in the high MW component of the bimodal blend, the expectation is that higher SHM values are observed. Two things are evident from these results. The first is that the expected SHM values are correctly predicted by both models. Also shown are the clear similarities for the predictions between the two methods. The NPLS predictions easily fall within the predictive interval of the RSM Model, as one might expect considering the linear correlations found using the RSM model. These results suggest that <Gp > is similarly predicted by the NPLS model by way of the MWD and MW slice based spectra as in the RSM linear model using the designated factors. The same conclusion can be reached from a closer examination of the percent variance captured by each factor for w K (mode 3) using the sum of squares. Table 4 shows that the first four factors capture the effects of the RMS-ABS (i.e., the 3000 cm À1 to 2700 cm À1 absorbance area which determines the MWD profile) while factor 5 captures the effects of the methyl absorbance. This is evident from the predicted data presented in Table 5 where it is clearly seen that for the above set of digital polymers, only when five factors are used are the correct predictions obtained. This exercise also demonstrates the value of model assessment using digital data.
The advantage, however, of using NPLS is its ability to capture, combine, and predict the effects from multiple sources of variation on a property. As noted, 1-hexene copolymers have $2X larger SHM values than 1-butene copolymers. To test whether the subtle spectral difference seen in absorbance of the methyl stretches for the two copolymer types can be used to quantify SHM values, a calibration set was built from MWD and synthetic 1-butene copolymer spectra and added to 1-hexene MWD and spectral data. Dimensional analysis was carried out as for the 1-hexene copolymer data set and the results are shown in Fig. 10 .
Both the %Y variance (residual SHM predictions) and RMSEP data suggest that eight factors were needed to adequately describe the variation in the combined data set and the predicted SHVM values. There are more factors than what is needed to fit the individual data set for the two copolymers. The contributions for each factor are based on sum of squares for the w K (mode 3). The cross-validated data show that the first four factors are dominated by MWD, followed by spectral input for the other four factors.
The choice of eight rather than seven factors can be further justified by visually assessing the resulting fits for the two data sets illustrated in Fig. 11 . The obtained fit for the combined data in Fig. 11 shows that two data sets with different fits were combined in this analysis. Yet, both data were successfully combined into a single calibration curve as shown in this plot. This is one of the strengths of this method of analysis. The choice of eight factors is further supported by the visual fit of the two data sets. If only six or seven factors were used for this analysis, one would see notable shifts in the overlap of these two data sets. Once again, reasonable results are obtained when compared to those found using spread sheet methods and RSM models (see Table 7 ). However, the predicted values for the 1-butene samples lie slightly outside the RSM PI at the current assigned error.
Applicability of Methods to Experimental Acquired Data
In Part 2 of this work, efforts will focus on the applicability of these findings to SEC FT-IR experimental data. Success will depend on properly designed calibration sets. For example, using the RSM models described in this study will first require that experimental samples be described in terms of a set of fixed MWD and SCB descriptors. In this work, we used two Gaussian curves at set SCB slopes; however, describing experimental MWD profiles and SCBDs by a fixed set of SFDs is the preferred option. In that case, both digital and experimental data can be combined to generate both calibration and validation data sets. The results from this study also show that it is feasible to predict SHM values from a given set of MWDs and the respective orthogonal FT-IR spectra using NPLS methods. The strength of this approach is that data sets with different SHM values based on branch type or other structural differences can be combined and used in a single calibration set if orthogonal data can differentiate between these families of samples. As in the RSM models, a common set of axis values must be used to quantitate variation and predict selected responses. For example, the MWD data (or chromatographic data) have to be described at a discreet set of Log M or retention time values for all samples. This means that Log M values used will likely be dictated by the values at which the spectra are collected and must remain the same for all samples. Alternatively, a preprocessing interface (axis normalization) could be used. For the NPLS models investigated, calibration and validation sets can be constructed solely from experimental data. However, digital data can help to expand and explore experimental data sets. If both digital and experimental samples were used, the digital orthogonal spectral data will require added error such as base lines changes and noise to better homogenize the data and not artificially to create outlier samples. 23 Considering the linear correlation found in the digital data (predicted R 2 ¼ 0.8992), one might expect a decrease in fit on the addition of spectral error. Furthermore, it is likely that MW limits will need to be set due to concentration limits at the tails of the MWD and its effect on spectral integrity. 8 These points are currently under study along with the use of nonlinear multiway methods. 24, 25 Lastly, multiway PLS methods can also be used with data obtained from other methods such as analytical temperature rising fractionation coupled with SEC ATR-EF-SEC, 26 and will be more fully described in a future publication.
Conclusion
In this study, adequate modeling of the strain hardening modulus (<G p >) was achieved for bimodal PE like digital structures using both linear RSM and NPLS models. Although different input values were used, predicted values for <G p > by NPLS models were found to mirror linear RSM models and to predict the expected structural effects. The feasibility of estimating <G p > directly from digital SEC FT-IR type data using NPLS models was demonstrated. NPLS models will be useful in discerning effects of underlying structural features in various resin families (i.e., MWD, SCBD, and branch type) on resin properties using a single calibration set. Application to experimental data, which depends on properly designed calibration and validation sets, is a topic of current investigation. 
